Abstract The main focus of this research is to detect vulnerabilities on the Mississippi river levees using remotely sensed Synthetic Aperture Radar (SAR) imagery. Unstable slope conditions can lead to slump slides, which weaken the levees and increase the likelihood of failure during floods. On-site inspection of levees is expensive and time-consuming, so there is a need to develop efficient automated techniques based on remote sensing technologies to identify levees that are more vulnerable to failure under flood loading. Synthetic Aperture Radar technology, due to its high spatial resolution and potential soil penetration capability, is a good choice to identify problem areas along the levee so that they can be treated to avoid possible catastrophic failure. This research analyzes the ability of detecting the slump slides on the levee with NASA JPL's Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) data. The main contribution of this research is the development of a machine learning framework to (1) provide improved knowledge on the status of the levees, (2) detect anomalies on the levee sections, (3) provide early warning of impending levee failures, and (4) develop efficient tools for levee health assessment. Textural features have been computed and utilized in the classification tasks to achieve efficient levee characterization. The RX anomaly detector, a training-free unsupervised classification algorithm, detected the active slides on the levee at the time of image acquisition and also flagged some areas as Banomalous,^where new slides appeared at a later date.
Introduction
Levees are the embankments built along the side of a stream or river channel to prevent flooding of the adjacent land. Major levee systems are built along the Mississippi River and Sacramento River in the USA. The Mississippi levee system represents one of the largest levee systems in the world, comprising over 3500 miles of embankments and floodwalls (Flor et al. 2010; USACE 2014) . The levee system is constructed of compacted soil and clay and protects more than 4 million citizens and 33,000 farms from destructive floods (USACE 2014) . Monitoring the physical condition of levees is vital in order to protect them from flooding. The dynamics of subsurface water events can cause damage on levee structures. The levee alignment is primarily dictated by the flood protection requirements which often results in construction on poor foundations (USACE 2000) . The levees are constructed from borrow pits adjacent to the levee, which produce the fill material that is often heterogeneous. Currently, there are limited processes to monitor these structures and predict potential risk to communities. The potential loss of life and property associated with the failure of dams and levees can be extremely large. Levee breach is a common levee failure mechanism caused due to surface erosion or subsurface weakness/under seepage. The catastrophe caused by hurricane Katrina in 2005 emphasizes the importance of examination of levees to improve the condition of those that are prone to failure during floods. On-site inspection of levees is costly and time-consuming, so there is a need to develop efficient techniques based on remote sensing technologies to identify levees that are more vulnerable to failure under flood loading. The techniques developed to detect problem areas on the levee will assist levee managers to prioritize their tasks to inspect, test, and repair them in a timely manner to avoid complete failures.
Synthetic Aperture Radar for levee monitoring Synthetic Aperture Radar (SAR) is mostly a space-borne or airborne side-looking radar system which utilizes the flight path of the platform to synthesize a long aperture. SAR is the only practical technique to achieve high spatial resolution remote sensing imagery even from space platforms (Chan and Koo 2008) . Synthetic Aperture Radar transmits electromagnetic waves at a wavelength that can range from a few millimeters to tens of centimeters and operates during day and night under all weather conditions. The intensity and phase of the backscattered (reflected) radar signal from each element on the ground can be put in the form of a complex valued SAR image. The intensity/ magnitude of the SAR image depends primarily on terrain slope, surface roughness, and dielectric constants (soil moisture) whereas the phase of the radar image depends on the distance between the radar antenna and the ground targets. In polarimetric SAR, the transmitted signal is polarized and different polarizations of the backscatter signal will be received. The radar polarization describes the direction of the orientation of the electric field component of an electromagnetic wave, and imaging radars can have different polarization configurations. The electric and magnetic fields are perpendicular to each other. The transmitted radar waves can be horizontally (H) or vertically (V) polarized and can be received in both H and V. With different polarizations, HH (Horizontal transmit and Horizontal receive), HV (Horizontal transmit and Vertical receive), VH (Vertical transmit and Horizontal receive), and VV (Vertical transmit and Vertical receive); SAR imagery can be used to separate different causes contributing to changes in the backscatter signal.
SAR data has been widely used in disaster management. Synthetic Aperture Radar technology, due to its high spatial resolution and potential soil penetration capability, is a good choice to identify problem areas on levee so that they can be treated to avoid possible catastrophic failure. Polarimetric and interferometric radar data can provide surface and subsurface information for a levee monitoring system (Jones et al. 2012) . Polarimetric SAR helps classify and quantify ground conditions, while differential SAR interferometry detects small surface displacements over time (Hanssen and van Leijen 2008; Jones et al. 2012) . The polarimetric SAR data is very effective for classification as it contains different scattering characteristics for each target and hence contributes changes in the backscatter signal (Cui et al. 2012 ; Freeman and
Original Paper Durden 1998). The radar backscatter data is capable of identifying variations in soil properties of the areas which might cause levee failure. Synthetic aperture radar data has been investigated and widely used for deformation detection on levees and dykes. The German TerraSAR-X satellite and the Canadian RADARSAT satellite have been used to monitor and detect levee movements and subsidence associated with levee failures (Bonn and Dixon 2005) . High resolution UAVSAR data has been used to detect deformation of the levees, subsidence along the levee toe, and seepage through the levees in California's Sacramento-San Joaquin Delta by making use of polarimetric and interferometric SAR techniques (Jones et al. 2012 ). This research is mainly focused on analyzing different algorithms to assess the condition of levee structure using multi-polarized SAR images.
SAR data-machine learning Several supervised and unsupervised classification algorithms have been applied to SAR data for efficient land cover classification (Rignot et al. 1992; Fukuda and Hirosawa 2001) . Recently, anomaly detection unsupervised algorithms have become an important application for target detection. These unsupervised classification techniques are very fast and do not depend on ground truth information. Reed and Yu developed a method referred to as the RX detector (Yu et al. 1997) which has shown success in anomaly detection of multispectral and hyperspectral data (Chang and Chiang 2002) . The SRC and RX algorithms were compared for detecting anomalous pixels in the hyperspectral imagery and stated that on average the SRC algorithm takes 1.3 times the amount of time the RX algorithm does (Ohel et al. 2006 ). Baghbidi et al. implemented anomaly detection algorithms on hyperspectral data using wavelet features as a preprocessing data reduction step (Baghbidi et al. 2011) .
In SAR images, texture and intensity are the two important parameters for the classification tasks. Statistical texture analysis is very important in SAR imagery since it allows better representation and segmentation of various objects on the levee. The roughness and related textural characteristics of the soil affect the amount and pattern of radar backscatter. The discrete wavelet transform (DWT) is a promising tool for texture analysis because it has the ability to examine the data at different scales (Lu et al. 1997 ). Fukuda et al. applied the texture feature set derived from the wavelet decomposition to the classification of multi-frequency polarimetric NASA/JPL AIRSAR imagery (Fukuda and Hirosawa 1999) . The ability of wavelet analysis to decompose the image into different frequency sub-bands makes it suitable for image classification.
Levee failure mechanisms
The landslide classification includes rotational slides, also called Bslumps^, which occur along concave shear planes, normally under conditions of low to moderate water content, and on thick, uniform materials such as clay (Varnes 1978) . Vulnerability to landslide hazards is a function of site's location (topography, geology, drainage), type of activity, and frequency of past landslide events (Cruden and Varnes 1996) . Levees typically are earthen embankments constructed from a variety of materials ranging from cohesive to cohesion-less soils to prevent flooding. Levee failure mechanisms include overtopping, internal erosion, surface erosion, and slope failure (Corps of Engineers 2012; Dunbar 2011). Overtopping of levees is a function of flood height and the elevation that the levee was built to protect from flooding. Internal erosion occurs when water moves through the soil under the levee from the high water side of the levee to the low water or land side of the levee. There is a possibility that this water might carry soil particles which will deteriorate the structure of the levee. Surface erosion can facilitate seepage through levees. Grass or some other mat-like vegetation is planted on the top of the levees so that its erosion will be kept to a minimum. The result of a slope failure is a slump slide, which can leave the levee vulnerable to further erosion and through-seepage. The detection of these slides is the focus of this study.
Slump slides
Slump slides are slope failures along a levee which leave areas of the levee vulnerable to seepage and failure during high water events. The clay soil on the levees shrinks during dry weather periods and gains moisture during wet periods resulting in a loss in shear strength which can lead to failure. This research focuses on detecting slump slides on the levee. Figure 1 illustrates a slump slide adjacent to Chotard Lake, MS, USA, taken during one of the field data collection trips.
In this paper, we focus on analyzing RX Anomaly detection algorithm to detect anomalies (mainly slump slides) and thereby assessing the condition of levee structure using multi-polarized SAR imagery. The classification method utilizes the texture features extracted from the SAR image using discrete wavelet transform for efficient classification and detection of slump slides. The organization for the rest of this paper is as follows: second section describes the study area and the polarimetric SAR data used in this research. Third section describes the classification algorithm, and the results are summarized in the fourth section. Finally, the conclusion and discussions are presented in the fifth section.
Study area and data used Study area
The Mississippi levee system represents one of the largest in the world, comprising over 3500 miles of levees. Detecting anomalies on the levee to identify problem areas is an important factor to consider to protect them from flooding. The study area for this research focuses on the mainline levee system of the Mississippi River along the eastern side of the river in Mississippi. The study area was selected based on the history of levee failure events occurring in the lower Mississippi valley. This history can facilitate the investigation of the use of remote sensing data to analyze physical factors that would indicate problems in levee conditions, whether they arise from moisture content, slope instability, hydraulic uplift, water seepage through levees, or underseepage resulting in sand boils.
Data used-UAVSAR L-band data NASA JPL's UAVSAR data acquired on June 16, 2009 and January 25, 2010 were used in this study as there were active slides during these two image acquisitions. UAVSAR is a quad-polarized L-band (λ=25 cm) airborne radar for acquiring repeat track SAR data (Rosen et al. 2006) . The UAVSAR data describes the complete polarimetric signature of the objects in the target area, with a range bandwidth of 80 MHz, resulting in better than 2 m range resolution and supports a 16-km range swath flown at a nominal altitude of 13,800 m. The polarimetric UAVSAR 3-band data, shown in false color composite of bands HH, HV, and VV as red, green, and blue, respectively, for the whole study area is shown in Fig. 2 . In addition to the remotely sensed data, we relied on ground truth data to validate the machine learning algorithms/classifiers. To provide detailed information on soils on the levees in the study area, ground truth data was collected by both the U.S. Army Corps of Engineers (USACE) and our research team. This data included the exact location and timing of slump slides, photographs of the vicinity, and the notes on grass height.
Methodology
Automated levee target recognition system The goal of the earthen levee classification is to develop machine learning algorithms and a set of features that could be used to identify areas on levees that have an increased likelihood of being vulnerable to failure under high water conditions. In this study, the focus is on the detection of slump slides using L-band SAR data. The unsupervised classification block diagram is shown in Fig. 3 .
The UAVSAR dual-polarized (HH and VV), multi-look radar image data is used in the classification task. The segment of the image corresponding to the riverside slope is first isolated from the rest of the image using a 40-m wide buffer from the levee center lines. Next, the wavelet texture features are extracted from the original SAR data.
Feature extraction
In general, feature extraction is a two-step process, the first step is feature construction and the second step is feature selection. Feature construction is the process where a feature set is extracted from the original dataset. Texture is an important feature to the classification of land cover in radar images because it has the ability to examine the signal at different scales. In this research, a wavelet-based texture feature set is computed for the polarimetric multi-band radar imagery and utilized in the classification tasks. The wavelet transform (Liu 2010; Mistry and Banerjee 2013) can be used to create smaller and smaller summary images. The two dimensional discrete wavelet transform is essentially a one dimensional analysis of a two dimensional signal. It operates on one dimension at a time by analyzing the rows and columns of an image in a separable fashion. As shown in Fig. 4 , the wavelet decomposition is done by passing the image through a highpass g [n] and lowpass h[n] filter. The first step applies the analysis filters to the rows of an image. This produces two new images, where one image is a set of detail row coefficients, and the other a set of approximation/coarse coefficients. The approximation coefficients provide information about low frequencies, and the detail coefficients provide information about high frequencies. After the filtering, half of the samples can be eliminated according to the Nyquist's rule which is nothing but down sample the original image by 2 (↓ 2).
Next, the analysis filters are applied to the columns of each new image to produce four different images called sub-band images. Rows and columns analyzed with a highpass filter are designated as BH^and the rows and columns analyzed with a lowpass filter are designated as BL.^Therefore, the four sub-band images produced are named as HH, HL, LH, and LL; the first three are called detail images and the fourth LL sub-band image is called an approximation image. In each decomposition level, the approximation image is passed through lowpass and highpass filters to generate the next level of coefficients. All the components of the feature set/vector are not useful, so only the useful features will be selected and used in the classification tasks.
Radar data classification-RX anomaly detector
Recently, anomaly detection has become an important application for target detection (Sehat et al. 2014; Nasrabadi 2008; Wang et al. 2013, and Dabbiru et al. 2012) . Detecting anomalies in the radar imagery necessitates the task of locating pixels with spectral signatures that are significantly different from the background. The RX detector is often presented as a benchmark for anomaly detection by finding targets that have spectrally different signatures from their surroundings. RX Anomaly detector, a training-free unsupervised classification scheme, was implemented in this research, which typically detects signatures that are distinct from the surroundings with no prior knowledge. These unsupervised techniques are very fast and do not depend on ground truth information, so these results can guide levee managers to investigate the areas shown as anomalies in the classification map.
Essentially, the algorithm uses the covariance matrix which calculates the Mahalanobis distance from the test pixels to the mean of the background pixels. In multidimensional space, the well-known Mahalanobis distance is used to identify pixels that lie far from the mean. Suppose L is the number of spectral bands and r is an Lx1-column pixel spectral vector of the image, then the RX detector (RXD) implements a filter specified by:
where μ is the global sample mean of the image subset (the mean of each spectral band) and K LxL is the sample covariance matrix of the image.
Feature Set used in image classification
Surface roughness is an important property that can be used to distinguish slump slides as the radar backscatter is strongly influenced by the surface roughness. Therefore, textural features derived from Synthetic Aperture Radar imagery using the discrete wavelet transform (DWT) technique has been used in the classification tasks. The main parameters to be considered in DWT feature extraction include the choice of mother wavelet function, and the neighborhood window size. For the levee application, the classification algorithms were tested with different mother Table 1 . In this study area, a total of 10 slump slides and 2 stability berms were present and labeled with numbers 14 to 25. The geographic locations of these are marked as black and green circles overlaid on the National Agriculture Imagery Program (NAIP) optical image as shown in Fig. 5 . The color map in Fig. 5 shows the classifier output, which is the normalized Mahalanobis distance values. The area located at the south of slide 24, marked with a solid green circle, was identified as a slump slide in 2013 by the Levee Board. At the time of image acquisition, five of these slides were active. These are highlighted in red in the ground truth Table 1 , created from data obtained from the Mississippi Levee Board. The RXD unsupervised classification algorithm was implemented on the extracted features of the SAR data. The output generated by RXD is a grayscale image; the larger the value of the pixels, the more anomalous the pixels would be. For visualization purposes, the range of values of the output is color-coded. Based on the available field data and field visits, the location of the slides were known before the classifier detected as an anomaly. The scatter plot in Fig. 6 shows the classifier output, which is the normalized Mahalanobis distance values that were plotted to see the distribution, and a threshold has been chosen to identify the slide pixels. There were some outliers which have very high Mahalanobis distance values, and from the NAIP image it is clear that these are due to trees on the levee as shown in Fig. 7 . Fig. 7 a Outliers in the RX Detector output due to trees on the levee, which have higher Mahalanobis distance values that are very different from the rest of the levee. b NAIP optical image of the study area subset To find a threshold value to detect the slump slides, a histogram for a narrower range of Mahalanobis distance values (within a range of 0.001-0.002) was plotted as shown in Fig. 8 . Various threshold values were examined with the goal of maximizing the percentage of true positives (slide pixels) and minimizing the percentage of false positives. The threshold is used to identify the true positives, which are the slide pixels. The threshold value depends on the length of the levee segment and the width of the levee buffer. A threshold of 0.0019 was chosen and the pixel values greater than this threshold were considered as slide pixels and the rest were considered as healthy levee pixels. This resulted in over 90 % of the slump slide pixels were detected as true positives and the rest 10 % were detected as healthy levee. The results showed that the classifier was able to identify the slide locations since the pixels in that area had higher values of the normalized Mahalanobis distance. The classification map of RX Detector output is color-coded with range of values, and the pixels with values greater than threshold (0.0019) were identified as the slide pixels and were color-coded in red. The slide dimensions were provided by the Mississippi Levee Board and from the results, it is obvious that the shape of the slides were also clearly distinguishable from the healthy levee area. The results showed that there were some false positives at the north of Slide 16. Figure 9a shows the enlarged view of the classification output for active slides 20 and 21. From this output, we see some false positives at Slide 17, which later turned to be a slump slide in October 2009. Also, some false positive pixels were seen near the areas at the South of Slide 24 and in 2013, there was a slump slide activity in this area and the geographic location was marked with a solid black circle in Fig. 9b .
UAVSAR January 2010 image classification
After the 16 June 2009 radar image acquisition, UAVSAR flew over the Mississippi River levees on 25 January 2010. To further analyze the performance of the anomaly detector algorithm, a 3.2-km length subset was used. Over this study area, a total of 6 slump slides and 2 stability berms were present and these were labeled with numbers 14 to 21. At the time of image acquisition, there were two unrepaired slides, numbered 15 and 21, and all other slides were repaired. The RX detector unsupervised classifier algorithm was implemented, and a histogram for the normalized Mahalanobis values was plotted to see the distribution. Based on the available ground truth data, the location of the slides was known and a threshold has been chosen to identify the slide pixels from the classified output. The threshold value depends on the length of the levee segment and the width of the levee buffer, so the threshold value of UAVSAR 2009 subset is different from the UAVSAR 2010 subset, as the length of the study area is varied due to the changes in ground truth data, i.e., many of the active slump slides in 2009 were repaired in 2010. A threshold of 0.004 was chosen and the pixel values greater than this threshold were considered as slide pixels and the rest were considered as healthy levee pixels. This resulted in over 90 % of the slump slide pixels were detected as true positives and the rest 10 % pixels were detected as healthy levee. The classifier output is shown in Fig. 10a , and the NAIP optical image is shown in Fig. 10b . A small number of slide pixels were found at repaired slides-especially at slides 20 and 14, and some other false positives above slide 16. These false positives are associated with the levee construction Fig. 11 . The construction on the levee results in a very rough surface, and the texture features computed using the discrete wavelet transform helped distinguish these pixels, which also resulted higher values of normalized Mahalanobis distance.
Conclusion
This research developed a machine learning framework for levee slide detection through automated analysis of remotely sensed synthetic aperture radar imagery. Surface roughness is an important property to distinguish slump slides as the radar backscatter is strongly influenced by irregularities on the levee. The RX Detector anomaly detection classification algorithm has been implemented to characterize levee segments within the study area. The high resolution L-band SAR data improved the ability to detect smallscale variations in surface roughness that help classify slump slides. The classification output also consists of some false positives in addition to the true positives, which are slump slides. This automated analysis technique detected the active slides and repaired slides at the time of image acquisition, and also flagged some pixels as Banomalous,^where a new slide appeared at a later date. Other false positives in the output need further investigation to check whether these are vulnerable areas, but such study will require extensive soil measurements. The slump slides are Brough^i n texture, so textural features derived using wavelet transform aided the classifier to detect the slide events. The unsupervised anomaly detection algorithms are very fast in implementation and do not need ground truth information, so the classifier results can guide levee managers to investigate the areas shown as anomalies in the classification map. 
